The main objective of this study is to present a simplified distributed modeling framework based on the storage balance concept of a Tank Model and by utilizing inputs from remote sensing data and GIS analysis. The modeling process is simplified by (1) minimizing the number of parameters with unknown values and 2) retaining important characteristics (such as land cover, topography, geology) of the study area in order to account for spatial variability. Remote sensing is used as a main source of distributed data and the GIS environment is used to integrate spatial information into the model. Remote sensing is utilized mainly to derive land cover, leaf area index (Lai) and transpiration coefficient (T c ). Topographic variables such as slope, drainage direction and soil topographic index (T index ) are derived from a digital elevation model (DEM) using GIS. The model is used to estimate evapotranspiration (Et) loss, river flow rate and selected water quality parameters (COD Mn and TP). Model verification adopted a comparison of estimated results with observed data collected at different temporal scales (storm events, daily, alternate days and every 10 days). A simplified distributed modeling framework coupled with remote sensing and GIS is expected to be an alternative to complex distributed modeling processes, which required values of parameters usually unavailable at a grid scale.
INTRODUCTION
Spatial variability has a significant impact on hydrological processes in a watershed. Spatial variability is caused by several natural factors such as climate, geology, topography, soil and vegetation as well as by human factors such as land cultivation, urbanization, forest management and grazing by farm animals (Wood 2005) . Modeling approaches need to consider these spatial variations in order to forecast dynamics in flow regimes and the water quality of a river.
The first blueprint of a distributed model is a novel initiative to address the effects of spatial variability on model estimation (Freeze & Harlan 1969) . In distributed models, the whole watershed is divided into primary units or grids and flow processes for each grid are individually defined.
Therefore, modeling processes for each grid are completely independent from the property of the whole watershed.
The primary objective of the distributed modeling concept is that a physically sound formulation of all hydrological processes at a grid scale could be achieved so that lesser efforts are required for model calibration and validation.
Distributed models can explicitly incorporate spatial variability of climate, topography, geology and land uses and account for the changes in hydrological fluxes. As a result, distributed models can be applied in diverse circumstances leading to an advanced understanding of the hydrological processes. In particular, distributed models could be an effective option to address problems caused by diffuse pollution, to assess effects of land use changes on water quantity and quality (Beven 2001a) or to analyze different possible scenarios of hydrological regimes in a watershed due to adverse effects of climate changes.
In spite of several prospects, there are some limitations for the application of distributed models. Although distributed models try to apply physically sound formulations for all hydrological processes at a grid scale, they have not been able to estimate the effects of spatial variation on hydrological processes as envisaged in the first blueprint of a distributed model. In particular, issues related to scale, equifinality, uniqueness of place, calibration need and estimation uncertainty have been identified as major limitations of distributed models (Beven 2001b) . Some practical challenges in distributed modeling are data-intensive methodology, complexity in modeling due to lack of a clear understanding of hydrological processes at a grid scale and difficulty in determining distributed values of parameters with available measurement techniques. In spite of significant improvements in computing technology, most of the distributed models are so complex that the data to exploit the potentials of models are usually unavailable at a grid scale (Grayson & Bloschl 2000) . Therefore, it is often advisable that the complexity should be preferred only if values of distributed parameters could be determined with some degree of certainty (Refsgaard 1997) .
Remote sensing and GIS have been considered as potential techniques that could be utilized to overcome some of the above-stated limitations of distributed models.
Remote sensing and GIS are increasingly used to determine the distributed values of model parameters (Kouwen et al. 1993; Biftu & Gan 2001; Xu et al. 2001; Droogers & Kite 2002; Zhou et al. 2006 
METHODS
Study area and river sampling Figure 1 shows the map and DEM of the study area. It is a small watershed located to the north of Kyoto city, Japan
The watershed has an area of 142.2 km 2 and its characteristics are typical of the hilly watersheds found in Japan.
It has an elevation range of 46 -890 m and most of the hilly parts in the upstream areas are covered with forests. 
Modeling framework
Water quantity
The distributed model is based on the storage balance concept of the tank model (Sugawara 1995; Suzuki et al. 1996; Xu et al. 2001) . The basic conceptual overview of modeling processes is shown in Figure 2 (2) and (3), respectively:
where q in,u and q in,l are inputs from upstream grids, and r is rainfall intensity (mm/h). The equations for outflows (mm/h) from outlets (q 1 , q 2 , q 3 , q 4 and q 5 ) are given by
Equations (4)- (8):
Outflow from each outlet is linearly proportional to the The runoff in channels (sewer or river grid) is given by Equation (4), where f r is the runoff coefficient for channels.
Rivers in Japan are reported to be usually steep and short so that river runoff after rainfall events often show a flash flow regime (Oguchi et al. 2001; Yoshimura et al. 2005) .
Assuming runoff from the upstream river will reach the outlet within a relatively short residence time, we adopted a summation approach in which outflows from the channel grids are immediately transferred to the targeted outlet for a given time, as shown by Equation (9) (Martin & McCutcheon 1999) , where E Mþ1 is the total outflows from the target outlet station, (h u ) m is the storage of the mth river grid and M is the total number of upstream river grids reaching the targeted outlet station:
Water quality
The main purpose of adding a water quality sub-model is where S is pollutant storage at a given time (kg/km 2 /h), w in is the pollutant transferred from upstream grids (kg/km 2 /h), w is pollutant buildup rate (kg/km 2 /h) and w out is the pollutant transferred to a downstream grid (kg/km 2 /h):
Pollutants in a grid can build up (or accumulate) until the maximum limit, i.e. maximum storage capacity (w max ) (kg/km 2 ) of an area as shown by Equation (11), where k 0 is the average potential buildup rate (kg/km 2 /h) and w 0 is the amount of pollutant left unwashed (kg/km 2 ). Equation (11) states that, when there is no runoff for a long period, accumulated pollutants are also removed by other factors such as decay, re-uptake by biota, sorption to solid media or removal by physical forces such as winds. Washoff is based on runoff volume from a grid as shown by Equation (12) (Rossman 2005) , where c is the sweeping coefficient, Q is the total runoff from a grid and b is the washoff exponent.
Pollutant transport is considered as a function of Q rather than as separate processes due to specific contributions of UT and LT during high runoff periods and during dry periods, respectively. In particular, the contribution of LT is expected to be higher in dry periods when there is no outflow from UT; however, the contribution of UT is quite a bit higher during rainfall events such that the contribution of LT will appear to be minimal. However, Equation (12) could be easily modified to account for different runoff processes separately when specific types of pollutants need to be considered. Although the washoff equation (Equation (12) 
Model parameters and assigning their values
Spatial data used in this study are DEM, satellite images, geology and soil profile depth (D) map, population, sewer area and drainage map, and meteorological data ( Table 2 ).
All raw spatial data are converted to raster format having a grid size similar to available DEM ( All rainfall station data are significantly correlated (R: 0.86-0.99) with the W station, indicating similar rainfall patterns. Then, each grid is assigned its rainfall data monitored at the nearest rainfall station. Average rainfall of respective stations ($ 2) is set as a rule for grids situated at equal distances, although no such cases are observed in this study. The distance is calculated by using Equation (13):
where d W,m is distance between the Wth weather station and the mth grid, i is the row number and j is the column number of the raster map. However, daily rainfall intensity (mm/h) is hourly rainfall intensity data at W station at the nth hour. Due to less occurrences of cases of Equation (16), and for the sake of simplicity, we used uniform hourly rainfall distribution.
Remote sensing application
Satellite images of Landsat ETMþ are used in this study.
Each ETMþ consists of a set of nine bands representing different wavelength images. Only six thematic bands (TM1-TM5, TM7) (grid size 28.5 m) and a panchromatic band (TM8) (grid size 14.25 m) are used in this study. In December, all deciduous vegetation in forests showed physiological leaf color change or in dried state. A binary decision tree, a non-parametric technique of classification, is used to classify land cover types from the satellite images (Friedl & Brodley 1997) . The classification process is mainly focused on identifying the differences in major forest vegetations types observed in October and December, especially evergreen, deciduous and mixed vegetation.
In addition, the image of October is used to estimate leaf area index (Lai) and transpiration coefficient (T c ) by using two thematic bands, red (TM3) (0.63 -0.69 mm) and near-infrared (TM4) (0.78 -0.90 mm). Lai is the ratio of onesided leaf area to the ground area. Lai represents the relative density of vegetation and it could be related to rainfall interception by the canopy (Fang & Liang 2003; DHI 2004; Zhou et al. 2006) , net primary productivity (Liu et al. 1997a) , net photosynthesis (Fang & Liang 2003) , leaf litterfall (Liu et al. 1997b ) and so on. In this study, Lai is determined by using a simple biosphere model (SiB2), as shown by Equations (17) - (19), in which Lai is related to the fraction of photosynthetically active radiation (Fp) (Sellers et al. 1996) :
where "max" and "min" are the maximum and minimum values of the respective parameters. 
where Lai is the average Lai for forest areas, k 0,forest for active transpiration of moisture from leaves, so it is assumed that water will evaporate freely from the surface (UT) at a rate of Et 0 .
GIS applications to derive topographical variables
GIS application in distributed models is indispensable because it allows an environment to store, process and analyze the spatial data in an efficient manner. Among spatial conditions, topography has a dominant effect on the hydrological processes inside a watershed (Kuo et al. 1999) .
In hilly areas, the influence of topography could have a dominant influence on both surface and subsurface runoff due to the accelerative effects of gravity. slope is one of the important measures of topography and it is often used directly for the estimation of runoff from the surface (e.g.
Manning's equation) or sub-surface (e.g. Darcy's equation
for the subsurface runoff in hilly areas) (Martin & McCutcheon 1999) . Therefore, runoff from outlets (q 1 and q 2 ) of the UT is assumed directly proportional to slope.
Due to increasing availability of digital data, it has been more practical to use DEM to derive topographic variables using GIS techniques (Tarboton 1997; Kuo et al. 1999 ; 
where a is the upslope contributing area per unit grid length profile. Assuming unity K value for the whole watershed, the T index is reduced to Equation (27):
D (m) is available from the geology map of the study area, while all other parameters of Equation (27) are derived from the analysis of DEM. Then the critical outlet heights for surface (A 1 ) and subsurface (A 2 ) runoff are determined by using Equations (28) and (29), respectively:
where Z is a correction value. As there is a lack of methods to determine the values of Z and A 2 , we followed the method suggested by Sugawara (1995) and another study in another Japanese watershed (Suzuki et al. 1996) . Both Equations (28) and (29) on a previous study in another Japanese watershed (Suzuki et al. 1996) .
Values of other parameters
The remaining parameters are outlets coefficients ( (all adopted from Suzuki et al. (1996) ). However, a specific process is followed to adjust the recommended values following a procedure given by Sugawara (1995) . 
# land cover (F-forest; V-urban with vegetations; U-urban without vegetation); underground permeability (L-low; M-medium; H-high).
Frequency ( 
The majority of T c values are usually more than 0.25 for more than 94% of the area, which is slightly less than the total vegetated area (95.28%). More than 67% of the area has T c greater than 0.5, while the average T c value is 0.6.
It could mean that the estimated Et loss for the majority of the area could be more than one-half of Et 0 . Nearly 28% of the area has T c values more than 0.75, indicating that those parts of the watershed could contribute maximum Et loss. 
Distribution of topographic variables
The watershed has a total of 54,005 grids, of which nearly 15% are channel grids (river, 4% and sewer, 11%).
On average, water or pollutants travel nearly nine grids to reach a channel grid. It could mean that overall travel time of water or pollutants from the upstream to a channel is shorter. Besides, the majority of parts of the watershed are hilly, in which nearly 80% of the upstream areas have elevation greater than 300 m (Figure 1 ). Figure 7 shows the distribution of slope and A 1 . slope ranges from less than 0.1 to more than 0.9. The average slope is 0.46, while the majority of areas (. 58%) have slope greater than 0.4. 
Model verification
Traditional approaches of modeling are largely based on calibration and validation processes, in which independent observed datasets are used to compare with the model estimation. As calibration and validation do not necessarily ensure that the model is perfectly fit for all future conditions, they are sometimes considered unnecessary or impossible (Konikow & Bredehoeft 1992; Rykiel 1996) . Due to many uncertainty factors in the predicted results, they could be considered as a desired test but they should not be the sufficient condition (Beven 1989) . As the main objective of this study is to achieve maximum flexibility in distributed modeling by adopting simplified approaches, a single model verification is adopted instead of separate model calibration and validation. In the model verification process, rather than evaluating the model for longer duration, we focused on how a given set of parameter values could be applied to estimate the variation in data observed at different timescales. The comparisons are shown for storm event surveys, daily (only flow rate), for alternate days' survey, and for every 10 days observation.
A manual hit-and-miss-based approach is used following a procedure suggested by Sugawara (1995) to adjust the values of parameters. Although manual hit-and-miss methods could be quite laborious, it is selected due to the relatively less number of parameters to adjust. (30) and (31), respectively:
where O n and E n are the observed and estimated data at nth hour. Equations (30) and (31) consider only one estimated point with respect to one observed point. However, the majority of observed data are taken at different timescales, which are usually greater than the output time of the estimated result (i.e. an hour). In such conditions, the magnitude of the observed and estimated points might differ by some time. Therefore, the minimum squared difference B. R. Shivakoti et al. | Remote sensing and GIS application for river runoff and water quality modeling Journal of Hydroinformatics 9 13.2 9 2011 in the n 2 1, n or n þ 1 hour of estimated data is additionally used in the above Equations (30) and (31) to evaluate the model estimation as shown by Equation (32):
where E m is the estimated value at the n 2 1, n or n þ 1 hour showing the minimum squared difference with the observed value (O n ). Evaluation criteria calculated by using the minimum squared difference (Equation (32)) is termed as the "modified" method (RMSE m and RE m ).
At St. C, RMSE is 3.28 m 3 /s (RMSE m : 1.6 m 3 /s) for the whole period and RE is 0.81 (RE m : 0.4), indicating that the mean squared difference is less than the observed mean.
RMSE m and RE m are nearly half of RMSE and RE, indicating the sensitivity of these criteria due to the time differences between observed and estimated data. In particular, the higher R (St. of the water quality sub-model. It is expected that the modeling process adopted in this study could provide an alternative to overcome the limitations of existing distributed models, especially due to the unavailability of distributed data in order to assign the values of the parameters.
